Bulletin of Electrical Engineering and Informatics
Vol. 15, No. 4, August 2026, pp. 3719~3731
ISSN: 2302-9285, DOI: 10.11591/eei.v15i4.11767 g 3719

Evaluating lexical feature extraction for plagiarism detection in

Arabic documents

Marwah Alian!2 Dana Halabi!, Hadeel Rida Alshboul*

!Department of Computer Science, Faculty of Information Technology, The World Islamic Sciences and Education University, Amman,

Jordan

2Department of Basic Sciences, Faculty of Science, The Hashemite University, Zarga, Jordan

Article Info

ABSTRACT

Article history:

Received Oct 31, 2025
Revised Jun 14, 2026
Accepted Jul 23, 2026

Keywords:

Arabic documents

Atrtificial neural network
Longest common subsequence
Plagiarism detection

Support vector machine

Plagiarism detection is the task of determining whether a document contains
parts from other documents by employing different styles of plagiarism, such
as copying certain parts and reordering or replacing words with synonyms,
without citing the original text owner. This task is important in many
applications, and there are two primary types of plagiarism detection methods:
external and intrinsic. Plagiarism detection in Arabic documents is
challenging because of Arabic’s rich morphological features, lexical variation,
and syntactic complexity, which limit the effectiveness of some detection
approaches. To address these challenges, this study introduces an external
plagiarism detection framework built on an artificial neural network (ANN)
model and a lexical feature extraction framework adapted to the linguistic
features of Arabic. The proposed framework is evaluated using
ExAraPlagDet-2015 benchmark, where a baseline model using support vector
machine (SVM) is introduced for comparison. Experimental results

demonstrate notable improvements in plagiarism detection performance of the
proposed framework compared with SVM and other baseline methods. The
proposed framework provides a precision value of 92% and an F-score value
of 96%, verifying its effectiveness for Arabic plagiarism detection.
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1. INTRODUCTION

Academic and professional contexts depend heavily on plagiarism detection, which plays a vital role
in maintaining academic integrity and ethical standards [1], [2]. Unauthorized text reuse has become more
common as a result of the rapid advancement of digital Arabic content in academic institutions and websites.
Therefore, detecting how much information is shared between two texts is a key component of many natural
language processing applications such as semantic similarity, sentiment analysis [3], question answering [4],
plagiarism detection [5], and others.

Plagiarism happens when someone takes the writing of someone else and claims it as their own [6].
Several forms of plagiarism observed in documents, including text copy-paste, paraphrasing via synonym
substitution, use of fake references, translation-based plagiarism, and idea plagiarism [7].

Plagiarism detection systems are used to check what the plagiarist is attempting to hide using multiple
forms of plagiarism, such as rewording, synonyms substitution, and paraphrasing [8]. In the academic setting,
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plagiarism and research integrity are sensitive topics, particularly with the rapid advancement of large language
models (LLMs) and artificial intelligence (Al) [9].

The two main techniques for plagiarism detection are external and intrinsic. In the context of external
plagiarism detection, the aim is to detect matches among the suspicious document one or more source
document, whereas intrinsic plagiarism detection focuses on detecting variations in writing style between the
suspect and source documents. The majority of research on Arabic plagiarism detection focuses on external
plagiarism [10]. For external plagiarism detection, much research represents a document as a vector with n
dimensions and then measures similarity between vectors. Intrinsic plagiarism detection is used to detect
multilingual plagiarism cases [11].

Plagiarism detection in natural languages is more difficult than plagiarism detection in programming
languages because of the morphology and flexibility in human language. Detecting plagiarism in Arabic texts
is important because Arabic is widely used in domains such as education and culture. Also, available plagiarism
detection systems work for English text but fail to capture the morphological and lexical features in Arabic
text. Detecting plagiarism in Arabic is more difficult than in English because of language complexity,
morphological features, and diverse writing styles [12].

Plagiarism detection is important to maintain originality and reinforcing the reliability of academic
and professional work, but effective detection systems specifically customized to Arabic texts are still limited.
This research proposes a framework to fill the gap in external Arabic plagiarism detection by combining simple
approaches including n-gram overlap and longest common subsequence (LCS), which are widely used in
lexical similarity metrices with an artificial neural network (ANN) model. Arabic universities face increasing
plagiarism cases, yet existing tools are English-centric. The proposed framework tries to fill this gap.

The proposed work benefits from neural networks’ capability to manage noisy or incomplete data,
which enhances robustness against specific weaknesses. It is evaluated using ExAraPlagDet-2015 benchmark,
which was released by the shared task “AraPlagDet” mainly to evaluate external and intrinsic plagiarism
detection methods [10]. The results of the proposed work show an outperformance over existing approaches
applied to ExAraPlagDet-2015 benchmark.

Unlike previous work that relied on term frequency-inverse document frequency (TF-IDF) or word
embeddings, the proposed method combines lexical features and n-gram overlap with ANN learning to capture
similarities at both shallow and deep. This improves robustness against lexical substitution and paraphrasing,
two techniques frequently employed in Arabic plagiarism.

The structure of this research is structured as follows: section 2 review and compares related work
relevant to the introduced study of plagiarism detection, section 3 describes the research methodology, and the
proposed method and measures used, section 4 illustrates and discusses the proposed work while section 5
describes the experimental setup and results. Finally, the paper concluded in section 6.

2. RELATED WORK

Particularly in the context of the present driven by recent progress in Al technology and LLMs,
plagiarism and research integrity are challenging subjects in educational environments [9]. However, the
majority of work in detecting plagiarism in documents is performed for academic aspects specially to judge
postgraduates’ work.

Bin-Habtoor and Zaher [8] discussed several issues in plagiarism such as plagiarism in documents,
source code plagiarism detection algorithms. They categorize the approaches for the assessment of source code
similarity into two types; the first compare different programming languages’ source codes, while the other
type handles modifications in codes, but a longer time is required. The plagiarism techniques are based on
techniques that detect the similarity, such as attribute counting techniques that create special “fingerprints” for
collection files. Many algorithms for detecting plagiarism in textual documents are based on string
comparisons, in contrast, method for detecting source code plagiarism rely on software metrics, then extracting
a set of features to detect plagiarism in programs.

Abdelrahman et al. [1] proposed an approach to detect plagiarism in Arabic documents, which is
considered a content-based approach. In this framework, word stemming, fingerprint, and heuristic algorithms
are used to analyze Arabic documents across multiple linguistic levels: sentence, paragraph, and document.
The main components of the proposed framework are preprocessing, fingerprinting, document representation,
and comparison of similar terms. The preprocessing stage consists of stop word removal, tokenization,
stemming, and synonym replacement using Arabic wordnet (AWN) for hidden plagiarism. Also, some hidden
plagiarism, such as the change in the structure of the sentence and replacement of synonyms is treated.

Al-Thwaib et al. [2] constructed a plagiarism corpus called JUPlag to be used in the assessment of
Arabic plagiarism detection techniques. The constructed corpus consists of 2312 dissertations collected from
the institutional repository of the University of Jordan (JU). JUPIlag corpus uses the adopted Dewey decimal
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classification system to classify its content, which is similar to that of JU Library. In JUPlag, the dissertations
are categorized by subject area, allowing plagiarism detection to be done on a sub-corpus rather than the
complete corpus. The final output dataset consists of segmentation of n-gram, annotation of metadata, followed
by the morphological analysis and annotation of each word in the collected dissertations.

Hattab [13] proposed a system based on latent semantic indexing (LSI) to detect cross-language
plagiarism. A cross-language semantic space is built, then the semantic similarity between English and Arabic
documents. Documents are presented in the semantic space as vectors using LSI, with identical vectors having
a cosine similarity value of one. English and Arabic documents (1000) are used in the experiment to evaluate
the presented approach. The obtained results indicate that for cross-language English-Arabic plagiarism
detection, the proposed LSI-based model achieves 93% similarity.

Siddiqui et al. [14] constructed an Arabic corpus for plagiarism detection. The corpus includes 1665
Arabic documents collected from students’ assignments in King Abdulaziz City of Science and Technology
(KACST), which provides several types of plagiarism. These documents are classified into source and
suspicious documents. The corpus has various form of plagiarism, such as direct copying, small, and heavy
modifications.

Yousef and Aziz [15] proposed a TF-IDF based framework for Arabic plagiarism detection. This
framework involves preprocessing, synonym replacement, term weighting, and similarity measurement. The
term weighting procedure relies on the TF-IDF approach and then cosine similarity measure between the source
and suspicious documents representing the two documents as m-dimensional vectors over the terms set. They
evaluate their proposed framework using the contemporary Arabic (CCA) corpus with 200 documents selected
from several topics. The TF-IDF plagiarism detection system with a synonym dictionary achieves an accuracy
of 92%.

Ghanem et al. [16] proposed a Arabic plagiarism detection system based on hybrid approach, referred
to as hybrid plagiarism detection system (HYPLAG) that combines knowledge-based with corpus-based
information to detect Arabic plagiarism. HYPLAG consists of a number of phases that are pre-preprocessing,
indexing, stemming, part-of-speech (POS) tagging, and sentence ranking. The highest rank is achieved by the
sentence with the highest relevance to the terms where cosine similarity is measured using two vectors, one for
nouns and the other for verbs and TF-IDF term weighting. ExAraPlagDet-2015 dataset is used to evaluate the
proposed system which attains a recall of 87%, a precision value of 92%, and an F-score value of 89%.

Nagoudi et al. [5] proposed framework detects plagiarism in Arabic text through two successive
layers: fingerprinting and word embedding. The first stage produces fingerprint for each sentence, starting by
n-grams chunking, then adding only the least frequent n-grams are selected to reduce the inverted index size,
then applying a hashing function is applied to the selected n-grams to generate the fingerprint. The second layer
uses word embedding with words alignment and words weighting using IDF and POS weighting methods to
measure the similarity between sentences. The proposed approach attains a recall value of 88% and a precision
value of 85%.

Alzahrani and Salim [17] developed an approach for detecting Arabic texts plagiarism. This approach
has four steps: preprocessing, suspicious document retrieval, and similarity measurement. The similarity
between suspicious and source documents is based on comparing their sentences while the similarity between
sentences is based on a fuzzy degree, which is defined in the range of [0,1]. Two sentences are considered as
plagiarized when their similarity score exceeds that passes a predefined threshold. To evaluate their approach,
they perform their experiment using the PAN’09 training corpus, and the results show a recall value of 31%
and a precision value of 54%.

Khan et al. [11] proposed a plagiarism detection system developed for Arabic text. This system
consists of a global part that is heuristics-based and a local part where the similarity between the source
documents and suspicious documents is measured. At the global level, an information retrieval system is
employed to retrieve source documents after generating a set of queries using Google search API. In the local
part, the retrieved source documents are downloaded, and a detailed similarity report is produced where
plagiarized texts from a suspicious document are highlighted with several colors to indicate source documents.

Suleiman et al. [18] presented a plagiarism detection approach relying on using word2vec to encode
words into vectors, then the words similarity is measured as the cosine similarity to detect plagiarism. To
evaluate their approach, they conduct their experiment using OSAC corpus to train the word2vec model and
generate words’ vectors. They select documents from the OSAC corpus, and they try to generate suspicious
documents by altering the order of words or replacing some words by others with identical or different
meanings, or by replacing singular with plural. The results for the tested documents show a precision value of
99%.

Omoush et al. [19] the research study examines the effectiveness of several machine learning and
statistical techniques, such as word embedding, TF-IDF, bigram, and unigram. The bigram approach was the
most effective, according to experiments. Furthermore, on every metric, every machine learning classifier
performed outperforms the bigram method.
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Rashidy et al. [20] proposed a novel plagiarism detection approach to identify the most accurate
similarity cases by extracting the selection of the most relevant similarity features and the construction of a
hyperplane equation based on the selected features. A number of benchmarks were used to assess the presented
system. The findings confirm that the proposed approach obtained the best Plagdet with a scores of 89.12%,
92.91% and F-measure values of 89.34% and 92.95% over PAN 2013 and PAN 2014 datasets, respectively.

To respond to the queries in these datasets, they employed the ChatGPT 3.5 model during its initial
release phase. But when the Al-generated text (AIGT) section of the English-language human ChatGPT
comparison corpus (HC3) datasets was examined, some entries were found to be absent or incomplete
ChatGPT-generated information, yielding only 20,982 samples rather than the 26,903 they stated in [21].
Table 1 provides a comparative summary of previous research in terms of the detection approach, target
language, dataset, evaluation metrics, and reported results.

Table 1. Comparison of previous research in terms of approach for detecting plagiarism

Evaluation Results
Ref. Approach Language Dataset metrics %)
[1]  Content-based approach: fingerprint Arabic Large set of Arabic N/A N/A
and heuristic algorithms documents
[13] LsSI Cross-language: 1000 English and Arabic Accuracy 93
English and Arabic documents
[15] TF-IDF based framework Avrabic CCA corpus Accuracy 92
[16] HYPLAG Arabic ExAraPlagDet-2015 Recall 87
Precision 92
F-score 89
[5]  Two layers system: 1st layer: Arabic ExAraPlagDet-2015 Recall 88
fingerprint and 2nd layer: words Precision 85
embedding and words alignment
[17]  Fuzzy similarity-based approach Arabic PAN’09 training corpus Recall 31
Precision 54
[11]  Web based system with a global Arabic N/A N/A N/A
heuristics-based part and a local part
[18] Word2vec used to represent words as Avrabic OSAC corpus for training Precision 99
vectors and selected documents for
testing
[19] Word embedding, TF-IDF, bigram, Arabic
and unigram
[20] SVM and Chi-square techniques English PAN 2013 and PAN 2014 F-score 89.34
and
92.95
[21] AraELECTRA and XLM-R Arabic Large dataset and custom Accuracy on 94.9
dataset large dataset
Ours  N-gram overlap and LCS features Arabic ExAraPlagDet-2015 Precision 92
combined with ANNs dataset Recall 100
F1-score 96

This research integrates previously used n-gram overlap and LCS, as document-level features within
a supervised ANN framework to predict whether two Arabic texts are plagiarized and the proposed approach
is evaluated using the ExAraPlagDet-2015 dataset.

3. METHOD

This section describes the proposed framework for detecting plagiarism in Arabic texts by leveraging
a combination of lexical features and ANNs. By formulating plagiarism detection as a binary classification
challenge, the methodology follows a structured pipeline: beginning with formal task definition, followed by
rigorous text preprocessing, hierarchical feature extraction, and finally, the selection of optimal features to feed
into the detection models.

3.1. Problem formalization
The primary aim is to identify the presence of plagiarism in Arabic documents by handling this task
as a binary classification challenge. We define the detection environment as:
— Document space: let dg,, be a suspicious document; D={ds; do; ...; dn} be a set of potential source
documents for plagiarized documents.
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— The mapping task: the detection model seeks to optimize a similarity function to identify pairs (p, p’) where
P € dsysp> P € dgyc SUCh that d,. € D.

— Labeling: each pair is assigned a label L € {0, 1}, where 1 denotes “plagiarized” (positive) and 0 denotes
“non-plagiarized” (negative).

— Levels of complexity: the model must differentiate between various levels of similarity, ranging from
identical copy-pasting (no obfuscation) to complex manual obfuscation involving synonym substitution
and paraphrasing.

3.2. Dataset

The proposed approach is evaluated by using the ExAraPlagDet-2015 dataset [10], which is a publicly
available benchmark for Arabic plagiarism detection. It was firstly introduced in the shared task of 2015 for
the first competition of Arabic plagiarism detection (AraPlagDet).

The dataset covers three types of plagiarism; artificial obfuscation, simulated obfuscation, and no-
obfuscation, besides to samples for non-plagiarism. The dataset consists of multiple text files: suspicious
documents, source documents, and plagiarism-annotation files. The plagiarism-annotation files contain details
about the plagiarized texts and plagiarism types. The ExAraPlagDet-2015 dataset consists of two parts: a
training part and a testing part where training part has 567 source documents and 607 suspicious documents,
but, the testing part has 570 source documents and 601 suspicious documents.

Two new primer datasets were constructed from ExAraPlagDet-2015 dataset: the primer training
dataset and primer testing dataset. These new datasets contain the desired data from suspicious documents,
source documents, and plagiarism-annotation files included in the training and testing parts of ExAraPlagDet-
2015.

The proposed approach aims to develop a binary classifier for plagiarism selection which means that
it is a comparison task between two texts and then to predict whether the first text is plagiarized from the
second text or not. Therefore, each primer dataset contains two text columns, and one integer column that is
used as a class feature. The texts of the first column are extracted from suspicious documents while the texts
of the second column are extracted from source documents. The label value of each pair is extracted from
plagiarism-annotation files. It is given a value of one if the suspicious document is similar to the source
document and is classified as plagiarized and zero value if the suspicious document does not exhibit evidence
of plagiarism. Table 2 represents the class distribution in the primer training and primer testing datasets.

Table 2. Class-wise distribution in the primary training and testing datasets

Class Training dataset  Testing dataset
No-plagiarism 169 169
Plagiarism 1725 1727

3.3. Preparing training and testing sets

The premier datasets undergo a sequence of phases to prepare them for use in the proposed model.
The sequence begins with Arabic text preprocessing, followed by lexical feature engineering, feature
extraction, and finally feature selection and correlation analysis. Figure 1 illustrates these phases and their
sequence. More details about each phase are discussed in the following subsections.

. Features
Lexical

Arabic Text Features Selection and
Features

Preprocessing Extraction Correlation

Engineering

Analysis

Figure 1. Sequence of phases to prepare datasets

3.3.1. Arabic text preprocessing

In this phase, the text in the primer datasets is cleaned and preprocessed to be prepared for the lexical
feature engineering phase. The presented approach is relying on identifying phrases that match in the suspicious
document (d,,,) and source document (d,.), with each document represented as a sequence of words rather
than complete sentences. Therefore, a sequence of preprocessing operations is applied to Arabic texts,
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including removing stop words, special characters, and diacritics (Fatha (<), Damma (<), Kasra (<), Sokoun
(%), and Shadda (<)), normalization, tokenization, and stemming. Figure 2 illustrates these operations.

Remove Hashtags, Remove Punctuation Remove Non-Arabic Letters,
Emails, URLs, HTML Marks Multiple Spaces, Special
Tags, and Numbers Characters, and Diacritis

Remove Stop Normalize .
Stem Words H Words HArabic WordsHTOkemze Text

Figure 2. Sequence of preprocessing operations applied to Arabic texts

During normalization, the forms of Arabic letters, such as Aleif (<) and Haa ('), that appear in
many shapes depending on their position in a word, are converted into a standard shape. Specifically, the shapes
of the letter Haa (s\&))) at the end of a word (= ,.4) are converted into (3 ,4), and Aleif shapes (1,',!,1) are converted
into ().

Table 3 provides an example of a text before and after preprocessing is performed, where the stem
[22] of words such as “analysis Jids5" and “economic 3L=®" appears in the processed text as “analyze Js” and
“intent 28 respectively.

Table 3. Example of Arabic text before and after preprocessing
Arabic text before preprocessing Arabic text after preprocessing
Gila ) el )l bl e ol (K0 200l saleS aba®Y) adiny o o JE 40alS) 208 dad dae Jao 4aS agabiail (g ) ll apabiail Q)
Qs ml 52 Y 2aal 5 Ay Sl ) o] iy oY) ) e oalaie) By b Jla g 5 4eS i) cll e oy ol e e in ) (g )
Zlaill o3a e AlS 5 SLaBY) Ja1s Lgimy Glalie Jiladl i ciiny Lo sl S5 Jla (il 231 e JialS aaad J2 G 3l Jla
S il & Yl

3.3.2. Lexical feature engineering

Lexical features involved in the plagiarism detection model include containment features and the LCS
feature [23].
a. Containment features

An n-gram is a sequential grouping of words. We define a containment of n-gram for a suspicious
document (d,s,) and a source document (ds,..) as the total number of n-grams that appear in both documents.

This containment measures the overlap between the two documents and is calculated as in (1) [23]:

|5(dsusp:n) N S(dsrcm) |
min (|5(dsusp'n) IS(dsrem)l)

C_n(dsusp' dsrc) = (1)

where:

C_n: is the containment of n-gram.

— S(dsysp, N): the set of n-grams for the suspicious document (d,sp).

— |S(dsysp, N)I: the number of n-grams in the suspicious document (dsys,).

— S(dge, N): the set of n-grams for the source document (dg,).

— |S(dgyre, N)|: the number of n-grams in the source document (ds;).

= IS(dsysp» n) N S(dgye, N)|: the number of shared n-grams between the suspicious (ds,s,) and source
documents (dg¢)-

The containment value is in the range [0,1], where a value of 0 indicates that the pair suspicious and
source document have no shared n-grams (no overlap). On the contrary, the value of 1 indicates that the
suspicious document is entirely copied from the source document. The containment features can identify cases
of copy-pasted and paraphrased texts because they find overlap in word usage between the suspicious document
and the source document. Taking the following two sentences, as an example:

— Sent_a: “l bl (e 3nan e gane il B i JUE S ) Gai -yl
London InterContinental Churchill Hotel introduced a new set of initiatives.
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— Sent_g: “clyalall e B Ao gana oyl PR (e g je iy il 8 JUn S (308 o &),
London InterContinental Churchill Hotel updates its offering with new set of initiatives.
The uni-gram, bi-gram, tri-gram, and 4-gram terms for Sent_a and Sent g are listed in Table 4, and the
containment values C_1, C_», C 3, and C_4 are listed in Table 5.

Table 4. The 1-gram, 2-gram, and 3-gram terms for Sent 4 and Sent g

n-gram n-gram terms of Sent_a n-gram terms of Sent_g
Uni-gram “C)Ln « "mn “Jl_\.\.\.\u}s)u\” “& 2 “uﬂu’ “;‘wa’ ?}”” « vmss “Jhu§)u\” “J& £ “uﬂn “uaa07,
cs-d_‘h” “C}“” - ‘)"b“”” “Mj)n” “QAn’ “d)\;n “C)Lss u“;wn “»hhn
6 “))\JA””
Bi-gl’am « 'A.\S C)L” “Jl_u.uu}S)u‘ dm” “dm ?}”” “dl.\.\.\.\.\;}i).u\ Cﬁ-ﬁé”, “\_L:)‘m dt\ﬂ:\:\i}s)ﬁ‘”,
“J.m ijs)u‘u “uu dm)uu “UJ J.& fys “343.3:‘9 Oﬂn’ “aiag e 5.4.3#‘%”,
“Ue gana uﬂ” “Gaia e gana”, “pe 31087, u-“‘*-“})“'” “Oa o, “CJL JJ\A”
“l ‘J-\L\An e “Ae gana C)la” “Buan A.D}A;.A” e b
e - \)-’M‘ L_)A”
Tri-gram Uit oS i) (30 oyl 4 i i Syl §a) “dhmu)s)ul (B g8 Jlinngs S yul 3ad)
conl Jd i Jlng oS il “de gane ol J& a5 coml Qi Jlngs oS il “aaaty gail L& 88
“3a0a Ao sane (AP €40 B Ao sana”, “aua gy paaty (Al o dia g e WAt
“L_l‘_).\L.IAH e B “OMA e damg e, “C)L A O‘”,
“Z.c‘yxu C).L JJ\A” “Baaa :\.I:}ALA C-)'L”7
“C B de gana”, \):Lml\ (reaaa”
4-gram e s Juinm oyl (328 - )l”) s Jtmw)s)u‘ G o 7,
ol Jd pds Juinigs Syl (B coail Jd ds JL\MAAJ)S).U‘ (7,
“de gana il Ju)uﬁ JL’\Z\Z\.\:\Z\}S)I\\”, Caaay il J.: JU.\.\.\L)S)AJ\”
s«.«_\_'h“}mu_m & g ge any ol (i PRI Agd;'xeo-\ﬂ’:
“Cye Bada Ae gana u_ul”, COMA e dim gy paal, “C)L DA (a2,
el ‘JJL\AH (re B0 Ao gand” “Ae gana C)L A (a7, “Baa ic gana C)L d/\;”

O Ba Ao gana z pla”) il alaall (g0 Bas Ao gena”

Table 5. Containment values C 1, C », C 3, and C 4 for Sent_a and Sent g

S(Sent_a, n) N |S(Sent_a, n) N min (JS(Sent_x, )|,

S(Sent 5, n) S(Sent o, n)| |S(Sent_a, n)|  |S(Sent_g, n))| IS(Sent_s.n))) Cn (Sent_x, Sent_g)
“c ).L” A Jme;S)n‘ 9 9 13 9 C;=9/9=1
Qi) ol “he saad”,
“E&.\h” “ )« “1JJL\A§\”
« m)s)u\ 3287 6 8 13 8 C,=6/8=0.75
ss& o M)S)M‘”,
“ué-\ldﬁ 599
“yaa 4-=)4.M 7,
“Oe B
el jalaall (e
Qi UL o i 38, 4 7 12 7 C4s=4/7=0.57
ol i s Jungs oS yul,

0 B Ae geas”,

el yalaall (g B2

ol Jd yds Juinits S 5l 3 .us” 2 6 11 6 C4=2/6=0.33
<l jalaall (pe B Ao gana”

b. Longest common subsequence feature

The LCS is the length of the longest sequence of words that occurs in both text while preserving the
original order. Let d,g, denote the suspicious document and d,. denote the source document. The LCS
corresponds to the longest ordered sequence of shared words between d,s, and d,..

In other words, LCS calculates the number of editing operations, including insertions and deletions,
needed to transform one text (d,s,) into another (d,.), where each operation is assigned a unit cost. The LCS
value is calculated as shown in (2) [23]:

0 ifi=0,0rj=0
LCS (d dgye ) = LCS @susp iy dsre jy) 1 ifi,j > 0,and dSusp_i = dSrc_j @)
susp_i» Ysrej) T ) max (LCS (dsysp.i dsrc_j-1)LCS (dsusp_i—1.dsre ) if1j > 0,and dSusp_i # dSrc.j

The LCS value is normalized by dividing it by the word count of the shortest document, either the
suspicious document (d,sy) or the source document (d,) as defined in (3).

LCSnorm = LCS(dsysp, dsrc) / min (|dsyspl, |dsre, ) @)
Evaluating lexical feature extraction for plagiarism detection in Arabic documents (Marwah Alian)
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For Sent_a, Sent_g, the LCS value is 7, resulting in a normalized LCS value of 7/9=0.78. However, Table 6
provides the process of computing the LCS value for these two sentences.

Table 6. LCS value between Sent_a and Sent g

psdh  gu JuamSpynl Ja,a ol e amge e PR zob desess Baaa e Gl
do Hotel Inter- Churchill Londo update offers of through Introd set new of Initiatives
Continental n -uce
0] 0 0 0 0 0 0 0 0 0 0 0 0 0 0
ok 0 0 0 0 0 0 0 0 1 1 1 1 1 1
introduce
(32 Hotel 0 1 1 1 1 1 1 1 1 1 1 1 1 1
s o< ) 0 1 1 1 1 1 1 1 1 1 1 1 1 1
InterContin
ental
Jii s 0 1 1 2 2 2 2 2 2 2 2 2 2 2
Churchill
gulLondon 0 1 1 2 3 3 3 3 3 3 3 3 3 3
e sena set 0 1 1 2 3 3 3 3 3 3 4 4 4 4
33 new 0 1 1 2 3 3 3 3 3 3 4 5 5 5
o= of 0 1 1 2 3 3 3 3 3 3 4 5 6 6
il yalaall 0 1 1 2 3 3 3 3 3 3 4 5 6 7
Initiatives

3.3.3. Feature extraction

In this phase, similarity features between a suspicious text and a source text are extracted.
Containment features are generated from the training dataset by calculating overlaps among n-grams ranging
from unigram, 7-gram overlaps, where each containment feature calculates the number of n-gram phrases
between the suspicious and source documents. These features are important to detect copy-past plagiarism and
near-copy plagiarism, which has minor modifications to the source text. In addition, the normalized LCS value
(LCS_norm) is computed.

At the end of this phase, the Primer_Training_Dataset contains 11 features, namely, the suspicious
text, source text, plagiarism_class, seven containment features (C_1, C 2, C 3, C 4, C_5, C s, and C_7) and
LCS norm-

3.3.4. Feature selection and correlation analysis
During this step, a subset of informative features is identified by examining correlations among
features. The eight features aim to evaluate the similarities between the two texts, consequently indicating a
significant correlation. The inclusion of highly correlated could boost the importance of a specific feature.
Features are selected based on pairs with the lowest correlation values. The correlation coefficients
range from 0 to 1 and are ranked from low to high. Table 7 shows the correlation matrix of the eight features.

Table 7. Correlation matrix of the features

Feature C 1 C 2 C 3 C 4 C 5 C 6 C 7 LCS norm

C. 1.00 037 036 036 036 036 0.36 0.34
037 100 099 098 096 094 093 0.91
036 099 100 1.00 099 097 096 0.92
036 098 100 1.00 100 099 098 0.92
036 096 099 1.00 100 1.00 0.99 0.92
036 094 097 099 100 1.00 1.00 0.92
3 036 093 096 098 099 1.00 1.00 0.91
LCS nom 034 091 092 092 092 092 091 1.00

C_
C_
C_
C_
C_
C

~ o o s W N

From the correlation matrix in Table 7, C_» and C_7 exhibit the lowest correlations with C_1, together
with LCS_norm, Using a cutoff correlation value of 0.91. At the end of this phase, a new training dataset is
constructed using only four similarity features: C_;, C_», C_7, LCS_nom, and plagiarism_class. The resulting
dataset is called Final_Training_Dataset. Similarly, the Final_Testing_Dataset is constructed by computing
C_ 1, C 5, C_7,and LCS_nom from the Primer_Testing_Dataset.

3.4. Proposed model architectures (support vector machine and artificial neural network)
The suggested approach is evaluated using two classifiers, namely the support vector machine (SVM)
classifier and an ANN model. The specifications for these two models are listed in the next subsections.
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3.4.1. Baseline model

Plagiarism detection can be formulated as a binary classification problem. In binary classification
tasks, a proficient model employed is the SVM. It functions by establishing a hyperplane that separates samples
from one class on one side and samples from the opposing class on the other, therefore distinguishing instances
of the two classes.

Typically, multiple hyperplanes exist, and the SVM selects the one that most effectively separates the
two classes. In binary classification tasks, SVM have demonstrated effective performance [24], [25]. The
baseline model is a SVM classifier (SVM_Base Model). The final training dataset, comprising the class label
and four similarity features (C_1, C_2, C_7, and LCS_norm), is utilized to train the SVM_Base Model.

3.4.2. Artificial neural network model

Artificial neurons are typically organized in layers, with signals transmitted from the first layer to the
final layer. The initial layer corresponds the input layer, the hidden layers are situated in between input layer
and output layer.

An ANN model with three layers-an input layer, the last layer servers as output layer, with one or
more hidden layer between them-is used in the proposed method. C_1, C_2, C_7, and LCS_norm are the four
real-valued features that make up the Final_Training_Dataset. A dense layer of 300 neurons that is entirely
linked receives the input features. The output layer then receives these neurons' outputs and uses a sigmoid
activation function to predict the class. The model utilizes the Adam optimizer to improve the ANN model's
learning process, while binary cross-entropy is employed as the loss function for the plagiarism detection
model.

3.4.3. Experimental setup

The open-source Keras (version 3) utilizing TensorFlow as a backend is employed to develop the
ANN model, whereas the open-source scikit-learn (version 1.7) Python machine learning library is utilized to
construct the SVM-based model. Each experiment is conducted utilizing the GPU accelerator offered by
Google Collaboratory. The ANN model is trained over 1000 epochs using batch size of 100. Table 8
summarizes the optimization hyperparameters adopted in the experimental work.

To assess the robustness of the proposed models, each experiment was repeated 10 independent times
using different random seeds while keeping all datasets, preprocessing steps, and hyperparameters unchanged.
The reported performance corresponds to the mean values across all runs, and 95% confidence intervals (95%
CI) were computed for precision, recall, and F1-score.

Table 8. Set of hyper-parameters used during the training step of all the phases

Hyper-parameter Value
Number of epochs 1000

Loss function Binary cross-entropy
Optimizer Adam
Learning rate 0.001

Batch size 100

3.5. Evaluation measures

Model performance is assessed using three metrics: precision, recall, and F1-score. They are computes
using the value from the confusion matrix presented in Table 9. The confusion matrix, as shown in Table 8,
consists of four values. The two values are associated with labels of the predicted class, whereas the others are
associated with labels of the actual class.

Table 9. Confusion matrix
Class Predicted negative Predicted positive
Actual negative True negative (TN) False positive (FP)
Actual positive False negative (FN) True positive (TP)

In this work, two class labels are: “plagiarized” (positive) and “non-plagiarized” (negative). TN is the
number of non-plagiarized samples predicted correctly as non-plagiarized, and TP is the number of plagiarized
samples predicted correctly as plagiarized. FN is the number of plagiarized samples incorrectly classified as
non-plagiarized, whereas FP is the number of non-plagiarized samples incorrectly classified as plagiarized.
Table 10 lists the formulas used to compute the performance metrics.
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Table 10. Performance measures

Performance measure Definition
Recall (R) Recall = TP x —2%
TP+FN
Precision (P) Precision = TP x —2_
TP+FP
F1-score PXR

F1—score=2x—
P+R

4. RESULT AND DISCUSSION

The SVM and ANN models were evaluated using the Final_Testing_Dataset, and the mean precision,
recall, and F1-score obtained across the repeated experiments are summarized in Table 11 together with their
corresponding 95% confidence intervals.

Table 11. Comparison of SVM and ANNs models with existing models

Model Precision (%) Recall (%) F1-score (%)
Proposed SVM (base model) 91.1 (95% ClI: 90.8-91.4) 100.0 (95% CI: 100.0-100.0) 95.0 (95% ClI: 94.8-95.2)
Proposed ANNs 92.2 (95% CI: 91.9-92.5) 100.0 (95% CI: 100.0-100.0) 96.1 (95% CI: 95.9-96.3)
Magooda_2 [26] 85 83 84
Magooda_3 [26] 85 76 80
Magooda_1 [26] 81 79 80
Baseline_competition [10] 99 54 69
Alzahrani [27] 83 53 65
Palkovskii_1 [28] 100 54 70
Palkovskii_3 [28] 66 59 62
Palkovskii_2 [28] 56 59 58

Table 11 compares the results of the SVM and ANN models with other existing models, including
three methods presented by Magooda et al. [26], one method by Alzahrani [27], three methods by Palkovskii
and Belov [28], and the baseline competition results reported in Bensalem et al. [10]. The three basic modules
of Magooda et al. [26] are Magooda_1 which is based on retrieving candidate source documents, while
Magooda_2 is an alignment module and Magooda_3 is a filtering module. The three methods of Palkovskii
used clustering with different modules; Palkovskii_1 is a fingerprinting-based approach, while Palkovskii_2
combined fingerprinting and sliding-window, and Palkovskii_3 used a multi-type n-gram module with adaptive
clustering.

Only the three techniques proposed by Magooda et al. [26] can identify instances of obfuscation
involving word shuffling. By contrast, the methods proposed by Palkovskii and Belov [28] do not explicitly
address this type of obfuscation, which explains their low recall values. For cases without obfuscation, all
approaches achieve high recall rates, but obfuscation through paraphrasing is the most difficult to identify.

The findings indicate that the proposed SVM and ANN models outperform other methods in terms of
F1-score. In addition, the ANN model performs better than the SVM (base model) in terms of F1-score. The
former provides an improvement of approximately 12% compared with the best result among the other models,
as obtained by the Magooda _2 method. This enhancement indicates that combining containment features with
the LCS feature improves the effectiveness of detecting plagiarism in Arabic texts.

LCS and n-gram overlap features exhibit advantages and disadvantages in plagiarism detection. n-
gram features are simple and scalable, but they lack context and are less effective in identifying paraphrasing,
especially for lower-order n-grams. Although the suggested method shows that higher-order n-grams work
effectively for local word sequences, they suffer from data sparsity when applied to Arabic text.

The effectiveness of the introduced method lies in its ability to capture the co-occurrence of adjacent
words and recognize that specific word combinations in Arabic convey distinct meanings beyond individual
tokens. By utilizing n-gram overlap and LCS features within an ANN framework, the model maintains
structural context and handles the complex morphology of Arabic better than simple bag-of-words baselines.
Furthermore, the use of neural networks helps mitigate specific algorithmic weaknesses. However, trade-offs
remain. Employing high-order n-grams can be computationally demanding. Additionally, although the lexical
approach is highly effective for structural matching, it does not fully address semantic plagiarism, such as deep
paraphrasing using synonyms. Future testing is required to ensure these the generalizability of the results across
different domains and Arabic dialectal variations.
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5. ERROR ANALYSIS

The results show that the model performance is strongly affected by the type of plagiarism being
considered in the experimented document. When considering different categories, plagiarism using
paraphrasing was the most difficult to detect. This is mainly because paraphrased text changes vocabulary and
sentence structure while the original meaning is kept intact, which makes a challenge for approaches that
depend heavily on surface-level of text similarity. Word shuffling is less challenging. Although the order of
words is altered, the lexical content itself remains unchanged, making it easier for models that rely on word-
level matching to identify similarities. Approaches such as those introduced by Magooda et al. [26] perform
reasonably well in this context, though their effectiveness decreases when deeper semantic changes are
involved.

The least challenging cases are those with no obfuscation, where the copied content is nearly identical
to the source. In these situations, most models achieve high recall, as the overlap between texts is
straightforward to detect.

The SVM and the proposed ANN model achieve a recall of 100%, suggesting that they successfully
identify all plagiarism instances, including those involving obfuscation. This performance specifies that the
models most likely capturing more informative and representative features compared to simple word overlap,
enabling them to better handle both structural and semantic variations.

However, the methods proposed by Palkovskii and Belov [28] as reported in Bensalem et al. [10]
show mainly lower recall values, approximately down to 54%, which reflects a higher number of missed cases.
This limitation can be attributed to their weaker ability to recognize obfuscated plagiarism, particularly when
paraphrasing is involved. These results confirm that paraphrasing remains the key challenges of plagiarism
variant requiring detection, highlighting the importance of incorporating stronger semantic analysis techniques
in future work.

6. CONCLUSION

Plagiarism is a pervasive problem that exists in different languages. Using the internet and
technological development tools makes it easier for several users to use texts defined by others without
referring to the original source and then commit plagiarism. The proposed model for plagiarism detection
combines different lexical features, including n-grams, containments, and LCS with ANNS to detect plagiarism
in Arabic texts at the document level. Our framework can be seamlessly incorporated into existing plagiarism
detection tools to enhance accuracy for Arabic texts. The experimental findings indicates that the introduced
model archives high performance in detecting plagiarism cases with a precision value of 92% for the ANNs
model compared to the state-of-the-art approach. As part of future work, we suggest improving the proposed
model to detect various types of plagiarism along with combining sematic features with lexical features to
enhance the overall capability of plagiarism detection and reducing errors. Furthermore, applying the proposed
model for cross-lingual plagiarism detection and integration with LLMs.
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